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ABSTRACT. Learning objects are reusable units of learning that are used for
educational purpose. E-learning has now become quite prevalent in learning
community, more specifically in the higher education. Teachers and learners play
crucial role in the establishment of e-learning community but the system is still not
freed of the traditional barriers of the conventional mode of education for the
provision of learning contents. The educators and instructional designers are still
working on confined repositories for the purpose of authoring learning objects. The
learner’s context and behavioral patterns are still not properly integrated in the e-
learning system .The study aims to propose architecture for e-learners to get
personalized contents in an adaptive fashion. The initial purpose of this study is to
perform a quantitative analysis of learning content. The study also contributes to
the proper placement of Learning Objects Repository (L.O.R) in the proposed
framework and the integration of various tools at the front layer. However the most
important contribution of the research is to propose an algorithm that can rank
LOs for a learner with reference to his pedagogical needs and learning goals.
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1. Introduction. E-learning provides information and communication technologies (ICT) in education using
various tools. However the system still has some reservations in the digitalization process especially when it
comes to content development and delivery. The e-learning systems just like their conventional counterpart use
confined content repositories. The bulk of content available on open web is still not properly accessible and
reusable .A lot of institutional, governmental and industrial boards stepped in to propose recommendations and
guidelines to ensure interoperability of digital content. Some known terminologies related to learning content
which are of keen interest to researchers are discussed in the subsequent paragraph.
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The learning object (LO) can be defined as any learning entity for the purpose of education [1] ,should be openly
available, reusable and interoperable. LOs are tagged or annotated using various metadata standards in order to
specify their syntax and semantics [2] which enables the cataloguing and searching of LOs. Learning objects
metadata (LOM) such as IEEE-LOM , IMS,Dublin Core (mentioned in table 1) describes the LOs and exchange
schema between them.  The practice of storing XML encoded LOs in LOM-based repositories known as Learning
Objects Repository (LOR) has been widely adopted by the e-learning community. LOR is like a digital library that
enables e-content to be shared, managed and reusable. LORs provide means of sharing, indexing and retrieving
instructional resources with no limit on the storage capacity, therefore adds to the continuous progress of e-content.
Thus each LO should represent individuality of a pedagogically significant learning concept. In order to make it
meaningful in terms of reusability, interoperability and granularity, a serious effort is still needed to add qualitative
measures to the bulk of e-content.
One of the drawbacks of LORs is the inability to return most relevant LOs that best suits the contextual need of the
learner. Just like search engines, most of them have high recall. A system that is so vital for learning should have
high precision and relevancy as important factors. Selectivity of best LOs to a learner is a tedious task even after the
development of LORs. Therefore there is a serious need to work on a mechanism that suggests the e-user best LOs ,
thus saving the laborious task of searching and selection of LOs. Recommendation system (RS) are software tools
that provides personalization of items to be suggested to a user according to his interest[10]. However RS in e-
learning is different from a typical one in that the items that are of interest to the learner may not be pedagogically
relevant for him. Therefore RS in e-learning must incorporate the evaluation mechanism, relevance metrics [4] and
individual learners’ characteristics. The contribution of this proposal is to improve personalization of e-content
according to the learner’s model and teacher’s context in an adaptive manner that best suits to pedagogical needs of
the learner and helps in achieving learning objectives as set by the teacher. The proposed architecture of the system
consists of three major components that are executed sequentially. The first component will perform the selection of
LOs from LOR. At the initial level, a third party LOR can be used, which will later on be developed as standalone
repository as the part of the system. Such a LOR can be populated with LOs using automatic tag recommendation
methods as it can be seen in software information sites [5]. The second major component will definitely be the RS
which shall be retrieving LOs based on the weights added to them [6]. The front part is of course the interface which
is responsible for providing the learner’s model to the system, on the basis of what all the decisions pertaining to
recommendation are taken.
2. Methodology. The focus of the research is evaluating the LOs for the purpose of recommending most useful and
relevant LOs to the learner. One can find various learning object quality indicators in the literature [7] but the aim of
this research is to measure quality of LOs dynamically. A context-dependent ranking algorithm shall be the solution
to proactively recommend highly relevant LOs to the learner. The procedure shall be based on vector-space model
(VSM) for the information retrieval [8].
2.1. Learning Objects Selection from LOR. At this level, the core functionalities of any existing LOR from the
market [11] can be used to extend the architecture. This module can however be replaced by building a LOM based
repository that uses automatic tagging of LOs from the open web. These tags can be used as the substitute for
explicit keywords database used for searching LOs. However, the scope of the research for now is to just integrate
an existing repository including its metadata and resources.
The aim of this module is to find the initial set of LOs from LOR based on keywords. A keywords database is
constructed and maintained in the system as a part of manual process. Based on the keywords, LOs are retrieved
from LOR which is just like a simple search based on keyword query. The retrieval of LOs at this level shall be used
at the next module for the filtration process.
2.2. Learning Objects Filtration. The pre-selected LOs are passed to the recommendation engine that is
responsible for providing advanced search for tuning the initial result set. This module uses ranking algorithm to
personalize relevant LOs to the learner. Here it is important to make some distinction between ranking and
relevance. Ranking is basically ordering the LOs but it will be more meaningful if based on relevance metrics [12]
that underlies the contextual impact of LOs on learners.
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2.2.1. Dynamic Weight Calculation. At this level, an algorithm shall be used to score the LOs at its individuality
and as weighted union figure. The core functionality of this module is to weigh the LOs dynamically in an adaptive
fashion. The proposed technique makes use of various relevance metrics [12] and metadata information to assign
dynamic weights to both local and global LOs with respect to the LOR.
2.2.2. Calculating Similarity between Los. The resulting weights become input for LOs similarity calculation
process. This module will calculate vectors to find the angle between the weighted documents and selects those
which have closest proximity with the keywords vector. A number of mathematical ranking algorithms are to be
compared at this level so as to provide one best that enhances the ranking functionality of the system. The similar
LOs are stored in a temporal similar objects database (DB).
Figure 1: Calculating Similarity between Los
No RS can be functional without incorporating the rating and feedback mechanism. Therefore learners’ ratings are
also inputted to the temporal DB. Both the weighted documents and the learners rating inside the DB will eventually
recommend the top-N LOs that are exceeding a threshold, to the learner.
2.2.3. Learners’ Model. This module will consist of all parameters associated with the learner. It includes learners’
profile attributes, browsing patterns, learning behavior, spatial and ICT (information and communication
technology) information and most importantly the assessment factors. All this information is inputed to the second
component for weighing and ordering LOs. The overall framework can be depicted as shown in the figure 2 below
Figure 2: Overall Framework
3. Findings :A comprehensive survey of current LOM standards [13] and LORs [14] is conducted so as to get in-
depth knowledge of how LOs are indexed, stored and then retrieved. A list of famous LOM standards and
specifications is given below in table 1. Similarly the famous LORs as the result of these findings are listed in table
2.During these findings, it has been found that very few RS in e-learning are existing so this area still requires lot
of research However the primary knowledge of existing RS in social media and how they work is essential to
propose one for technical enhanced learning (TEL). A number of information retrieval algorithms are studied for
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the quantitative analysis of LOs that matches the learner’s context. After the quantification, the qualitative analysis
of LOs is mandatory so as to recommend best suited LOs according to learner’s model. For the time being,VSM is
incorporated for the purpose of proposing a ranking algorithm to add qualitative measures to the result set.
Table 1. E-Learning Standards Initiatives
Acronyms Titles
AICC Aviation Industry CBT (computer-based
training) Committee
IMS GLC IMS Global Learning Consortium
ADL/SCORM Advanced Distributed Learning ADL
DCMI Dublin Core Metadata Initiative
Cancore Canadian Core Learning Resource
EDNA Education Network Australia
GEM Gateway to Educational Materials
IEEE LTSC IEEE Learning Technology Standards
Committee ()
IEEE-LOM IEEE 1484.12.1-2002 Learning Object Metadata
standard
MVU Michigan Virtual University (MVU) standards
MASIE Making Sense of Learning Specifications and
Standards
ESS Eduworks Standards Site
CETIS Centre for Educational Technology,
Interoperability and Standards
EML Ecological Metadata Language (EML)
(CELSTEC) Centre for Learning Sciences and Technologies
Table 2. List of Famous LOR’s
Acronyms Titles
ARIADNE Alliance of Remote Instructional Authoring and
Distribution Networks for Europe
SMETE Science Mathematics Engineering Technology
Education
MERLOT Multimedia Educational Resources for Learning
and Online Teaching
HEAL Health Education Assets Library
EdnA Education Network Australia
iLumina
Learn-Alberta
CAREO Campus Alberta repository of educational
objects
LGR Lydia Global Repository
 3. Conclusions The study proposes a ranking algorithm to select most suitable LOs that meets the information 
needs of a learner.The proposed architecture draws attention towards the usefulness and quality LOs and how to 
makethem interoperable under the e-learning. This research idea will further leads to learning objects economy 
and lot of effort is needed to study various retrieval models to be implemented inside the recommender module of 
the system. 
 
REFERENCES 
 
[1] IEEE 1484.12.1-2002, 15 July 2002, Draft Standard for Learning Object Metadata, IEEE Learning 
Technology Standards Committee (LTSC)  
http://ltsc.ieee.org/wg12/files/LOM_1484_12_1_v1_Final_Draft.pdf 
[2] Barker, P. (2005). What is ieee learning object metadata/ims learning resource metadata. cetis standards 
briefings series  
[3] Http://edutechwiki.unige.ch/en/Learning_object_repository 
[4] Duval, E. (2005). Policy and Innovation in Education-Quality Criteria. European Schoolnet, 457-463. 
[5] Xia, X., Lo, D., Wang, X., & Zhou, B. (2013, May). Tag recommendation in software information 
sites. In Proceedings of the 10th Working Conference on Mining Software Repositories (pp. 287-296). IEEE 
Press. 
[6] Ochoa, X. (2011, February). Learnometrics: Metrics for learning objects. InProceedings of the 1st 
International Conference on Learning Analytics and Knowledge (pp. 1-8). ACM. 
[7] Gallego Vico, D., Barra Arias, E., Gordillo Méndez, A., & Huecas Fernández Toribio, G. (2013). 
Enhanced recommendations for e-learning authoring tools based on a proactive context-aware recommender. 
[8] Aizawa,  A.  (2003).  An  information-theoretic  perspective  of  tf–idf  measures.Information  Processing  
& Management, 39(1), 45-65. 
[9] Ghauth,  K.  I.,  &  Abdullah,  N.  A.  (2010).  Measuring  learner's  performance  in  e-learning  recommender 
systems. Australasian Journal of Educational Technology, 26(6), 764-774. 
[10] Zapata, A., Menéndez, V. H., Prieto, M. E., & Romero, C. (2013). A framework for recommendation in 
learning object repositories: An example of application in civil engineering. Advances in Engineering 
Software, 56, 1-14 
[11] Cervone, H. F. (2012). Digital learning object repositories. OCLC Systems & Services: International 
digital library perspectives, 28(1), 14-16. 
[12] Ochoa, X., & Duval, E. (2008). Relevance ranking metrics for learning objects.Learning Technologies, 
IEEE Transactions on, 1(1), 34-48. 
[13] Roy, D., Sarkar, S., & Ghose, S. (2010). A comparative study of learning object metadata, learning 
material repositories, metadata annotation & an automatic metadata annotation tool. Advances in Semantic 
Computing, 2, 103-126. 
 
